Abstract: This research analyzed the spatiotemporal patterns of drought in Xinjiang (northwestern China) between 1961 and 2015 using the standardized precipitation evapotranspiration index (SPEI). Furthermore, the correlations between Atlantic Multidecadal Oscillation (AMO)/El Niño-Southern Oscillation (ENSO) events and drought were explored. The results suggested an obvious trend toward aggravated drought, with a significant inflection point in 1997, after which the frequency of drought increased sharply. Spatially, the increase in drought occurred largely in southern and eastern Xinjiang, where occurrences of moderate and extreme drought have become more frequent during the last two decades, whereas northwestern Xinjiang and the Pamir Plateau showed wetting trends. Empirical orthogonal function analysis (EOF) of drought patterns showed a north-south antiphase and an east-west antiphase distribution. The positive (negative) phase of the AMO was related to increased (decreased) drought in Xinjiang, particularly after 1997. During a warm phase (El Niño), major droughts occurred over northern Xinjiang, but they lagged by 12 months. However, not all El Niño and La Niña events were responsible for drought events in northern Xinjiang during this period, and other drivers remain to be identified. This study suggests the possibility of AMO and ENSO links to drought in Xinjiang, but further analysis is needed to better understand such mechanisms.
Introduction
Drought is one of the most serious, most widespread, and costliest natural disasters, with impacts on agriculture, ecosystems, hydrology, the economy, and social activities [1] [2] [3] . Long-lasting droughts have occurred on all continents, including Asia, Africa, Europe, South America, and Australia [4] [5] [6] . Drought is driven by many climatic factors, particularly precipitation, temperature, and evapotranspiration. Recently, severe droughts have occurred more frequently due to global temperature rise, which can increase atmospheric evaporative demand [7] [8] [9] . Vicente-Serrano et al. [9] verified that temperature rise resulted in more frequent and severe droughts in southern Europe. Hence, a better understanding of drought is of primary importance for drought planning and risk management of drought disasters, especially under global warming.
To monitor drought events more effectively, various indices have been developed to depict drought. Among them, the standardized precipitation evapotranspiration index (SPEI) takes into account the monthly climatic water balance (the difference between precipitation and reference evapotranspiration, i.e., precipitation over potential evapotranspiration (P-PET), combining the multiscale character of the standardized precipitation index (SPI) and the sensitivity of the Palmer 
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Standardized precipitation evapotranspiration index (SPEI)
SPEI, which was first described by Vicente-Serrano et al. [1, 2] , is estimated by the climatic balance between monthly precipitation and atmospheric evaporative demand (monthly potential evapotranspiration, or PET) [10] . Vicente-Serrano et al. [31] provided the contribution of precipitation and evaporative demand to drought indices for different climates, and SPEI reflects the most evident sensitivity to PET, which is mainly controlled by aridity. Hence, SPEI has become an effective tool to monitor and assess droughts under global warming. SPEI includes multiscale characteristics to determine drought variability and is calculated for each month of the year. Time scales of 1 to 24 months are selected for analysis.
SPEI combines precipitation and PET data, with the Thornthwaite model approach used to calculate PET. Following this approach, the monthly PET (mm) can be calculated as follows: 
where N is the maximum number of hours of sunlight per day, NDM is the number of days in the month, T is the average air temperature (℃), I is the heat index, which is calculated as the sum of the 12 monthly index values:
.
T > 0
and m is a coefficient that depends on I: m = 6.75 × 10 − 7I 3 −7.71 × 10−5I 2 + 1.79 × 10−2I + 0.492
The deficit or surplus accumulation of a climate water balance at different time scales is calculated by the difference between precipitation (P) and PET for month i:
The calculated Di values are aggregated into different time series, following the same procedure as for SPI. The difference in a given time n depends on the chosen time scale k (months): 
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where N is the maximum number of hours of sunlight per day, NDM is the number of days in the month, T is the average air temperature ( • C), I is the heat index, which is calculated as the sum of the 12 monthly index values:
and m is a coefficient that depends on I:
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The calculated D i values are aggregated into different time series, following the same procedure as for SPI. The difference D k n in a given time n depends on the chosen time scale k (months):
Next, the water balance is normalized into a log-logistic probability distribution to obtain the SPEI index series. The probability density function of a three-parameter log-logistic distributed variable can be expressed as follows:
where α, β, and γ are the scale, shape, and origin parameters, respectively, for D values in the range (γ > D < ∞). Hence, the probability distribution function of the D series is given by the following equation:
The F(x) value is then transformed to a normal variable by means of the following approximation:
where W is a probability-weighted moment, W = −2 ln(P) for p ≤ 0.5 is the probability of exceeding a given D value, p = 1 − F(x). If P > 0.5, then P is replaced by 1 − p, and the sign of the resulting SPEI is reversed. The constants are C 0 = 2.515517, C 1 = 2.515517, C 2 = 2.515517, d 1 = 2.515517, d 2 = 2.515517, and d 3 = 2.515517. In this study, SPEI values were calculated for each month of the year, and time scales of 12 months (referred to as "12-month SPEI") were selected for analysis. The annual SPEI index was calculated at each station for each of the 12-month SPEI index values. Spatially, the regional SPEI index was calculated on the average of all stations in Xinjiang. The latitude, longitude, and elevation information at 55 selected meteorological stations are listed in Table 1 . The World Geodetic System 1984 (WGS84) coordinates was used. The SPEI drought categories are listed in Table 2 .
Individual drought events were identified in Xinjiang by the 12-month SPEI (< −1.5) and were characterized based on duration, magnitude, intensity, and percentage of stations affected to determine drought severity. These variables were determined as follows: duration (D) was calculated as the time length of a drought event; magnitude (M) was obtained by summing all the SPEI values during every event; intensity (I) was the ratio of a drought's event magnitude to its duration; and the percentage of stations affected (A, unit: %) was defined using the ratio of the number of stations where drought occurred to the total number of stations. The drought frequency was defined as the number of drought events in a given period, and the average of all stations was used for the regional analysis. Drought frequency difference (DFD) was defined as the average annual number of drought months with a category different from the average. Drought is often associated with indices of long-distance connection [8] . Hence, the performance of the SPEI as a measure of drought can be evaluated by correlating area-averaged SPEI with large-scale modes of variation in Xinjiang. In arid central Asia, the Atlantic Multidecadal Oscillation (AMO) mode has been linked to precipitation patterns on a decadal time scale [32] , and it was therefore included in the present study. The AMO is a coherent mode of natural variability occurring in the North Atlantic Ocean with an estimated period of 60-80 years. It is defined in terms of detrended 10-year low-pass filtered annual mean sea surface temperature (SST) anomalies over the North Atlantic (0 [33, 34] . The El Niño Southern Oscillation (ENSO) phenomenon is considered to be one of the most influential long-distance connection patterns on a global scale and has a large influence on the occurrence of drought [35, 36] ; it was therefore included in the present study. The Niño3.4, was used as the index describing the ENSO phenomenon. The Niño3.4 is the mean SST anomaly in the region bounded by 5 • N and 5 • S from 170 • W to 120 • W. Monthly AMO and El Niño (La Niña) were obtained from the China National Climate Centre (http://cmdp.ncc.cma.gov.cn/cn/download.htm).
Trend Analysis
The nonparametric Mann-Kendall method (M-K) recommended by the World Meteorological Organization (WMO) [37, 38] was used to assess the significance of changes in climate and drought 
Empirical Orthogonal Function Analysis (EOF)
The empirical orthogonal function (EOF) decomposes climate data from different locations into a set of orthogonal spatial patterns (EOF modes) together with a set of associated uncorrelated temporal variations (principal components) [32] . North's law [39] was used to investigate the number of significant orthogonal functions. This method has been widely used to determine the spatial and temporal characteristics of hydrometeorological factors, including drought [22, 36] . Hence, the EOF method was used here to determine the spatial patterns of drought using the 12-month SPEI in Xinjiang from 1961 to 2015.
Results
Changes in the Magnitude and Frequency of SPEI
The temporal variability and spatial distribution of annual SPEI trends in Xinjiang are shown in Figure 2 . It can be seen that the annual SPEI clearly exhibited a decreasing trend and greater decadal fluctuations, with a trend magnitude of −0.12/decade (p < 0.05) during 1961-2015 (Figure 2a) . A significant change point occurred in 1997 (Figure 2b ), consistent with inflection points found for temperature in central Asia [16] . Table 3 shows that about 75% of stations had drying (decreasing) trends, especially in southern Xinjiang and along the western Tianshan Mountains. Stations in eastern Xinjiang displayed wetting (increasing) trends that were statistically insignificant ( Table 3 ). The seasonal variability of SPEI was the same as that of annual SPEI (data not shown). This indicates an increased drought trend in Xinjiang based on the SPEI. method was used here to determine the spatial patterns of drought using the 12-month SPEI in Xinjiang from 1961 to 2015.
Results
Changes in the Magnitude and Frequency of SPEI
The temporal variability and spatial distribution of annual SPEI trends in Xinjiang are shown in 2b), consistent with inflection points found for temperature in central Asia [16] . Table 3 shows that about 75% of stations had drying (decreasing) trends, especially in southern Xinjiang and along the western Tianshan Mountains. Stations in eastern Xinjiang displayed wetting (increasing) trends that were statistically insignificant ( Table 3 ). The seasonal variability of SPEI was the same as that of annual SPEI (data not shown). This indicates an increased drought trend in Xinjiang based on the SPEI. (Table 4 ). The SPEI values were different before and after 1997, especially in 2005. Normal and wet conditions were observed before 1997, whereas droughts occurred frequently after 1997. (Table 4 ). The SPEI values were different before and after 1997, especially in 2005. Normal and wet conditions were observed before 1997, whereas droughts occurred frequently after 1997. and eastern parts of Xinjiang. However, mild and moderate DFD decreased in the northwestern parts of Xinjiang and the Pamir Plateau (Figure 4b,c) . As for extreme drought, the DFD decreased only in the Pamir Plateau, the central Tianshan Mountains, and the Altai Mountains (Figure 4d ). The analysis demonstrates that moderate and extreme drought occurrences have become more frequent during the last two decades, especially in the southern and eastern parts of Xinjiang, and that the climate is becoming drier over all of Xinjiang except for the Pamir Plateau. Figure A1 shows a plot of the eigenvalues and eigenvectors of the annual SPEI based on EOF analysis and North's law. It illustrates that the first three factors explained more than 64% of the total variance in SPEI. The first three EOFs and their corresponding PCs can therefore be used to identify the primary features of drought patterns.
Spatial Patterns of Drought by EOF
For annual SPEI, EOF1 explained 37.1% of the total variance, reflecting the evolution of regional dry conditions and coherent drought over Xinjiang (Figure 5a1 ). This region is mainly dominated by a westerly circulation. Because the high values in EOF1 regions were positive, the valleys in PC1 corresponded to dry years. This shows that the climate was relatively wet before 1997 but became dry after 1997. The linear PC1 time series also exhibited a decreasing trend, which means that drought severity has become aggravated over the past 55 years (Figure 5a2) .
The second component, EOF2, accounted for 15.4% of the total variance and clearly reflected the antiphase distribution corresponding to southern and northern Xinjiang (Figure 5b1 ). This pattern is mainly affected by topography and atmospheric circulation, reflecting the fact that Xinjiang is divided by the Tianshan Mountains, which form northern and southern parts and result in different climate conditions. Combined with the positive EOF in northern Xinjiang, 1997-2015 was dominated by a wet trend in northern Xinjiang but by a dry period in southern Xinjiang (Figure 5b2 ). PC2 (Figure 4b,c) . As for extreme drought, the DFD decreased only in the Pamir Plateau, the central Tianshan Mountains, and the Altai Mountains (Figure 4d ). The analysis demonstrates that moderate and extreme drought occurrences have become more frequent during the last two decades, especially in the southern and eastern parts of Xinjiang, and that the climate is becoming drier over all of Xinjiang except for the Pamir Plateau. Figure A1 shows a plot of the eigenvalues and eigenvectors of the annual SPEI based on EOF analysis and North's law. It illustrates that the first three factors explained more than 64% of the total variance in SPEI. The first three EOFs and their corresponding PCs can therefore be used to identify the primary features of drought patterns.
For annual SPEI, EOF1 explained 37.1% of the total variance, reflecting the evolution of regional dry conditions and coherent drought over Xinjiang (Figure 5a1 ). This region is mainly dominated by a westerly circulation. Because the high values in EOF1 regions were positive, the valleys in PC1 corresponded to dry years. This shows that the climate was relatively wet before 1997 but became dry after 1997. The linear PC1 time series also exhibited a decreasing trend, which means that drought severity has become aggravated over the past 55 years (Figure 5a2 ). displayed an increasing trend, that is, northern Xinjiang became wetter, and the southern part became drier, which is consistent with preliminary studies of the climatic transition from warm-dry to warmwet in northwestern arid regions of China [17, 20, 21] . EOF3 mainly revealed the eastern and western parts of the antiphase distribution (Figure 5c1 ). This factor explained 11.4% of the total variance and represented the climate transition after 1986. The PC3 line epitomized an increasing trend, which meant that southwestern Xinjiang experienced a wet trend during 1961-2015 (Figure 5c2 ). The aforementioned analysis shows that 1997-2015 was the driest period over the past 55 years. To capture more accurate information, EOF was used to determine the spatial and temporal modes for 1997-2015. EOF1 accounted for 34.6% of the total variance and denoted drought in the Tianshan Mountains ( Figure A2a1 ). PC1 showed wet/dry fluctuations ( Figure A2b1 ). The second pattern (16.9% of the total variance) mainly indicated the antiphase distribution corresponding to northwestern Xinjiang and the Tianshan Mountains ( Figure A2a2 ). PC2 displayed a decreasing trend, showing northwestern Xinjiang has become wetter ( Figure A2b2 ). EOF3 ( Figure A2c1 ) explained 12.5% of the total variance and revealed the wet/dry antiphase fluctuation between southern and northern Xinjiang. The second component, EOF2, accounted for 15.4% of the total variance and clearly reflected the antiphase distribution corresponding to southern and northern Xinjiang (Figure 5b1 ). This pattern is mainly affected by topography and atmospheric circulation, reflecting the fact that Xinjiang is divided by the Tianshan Mountains, which form northern and southern parts and result in different climate conditions. Combined with the positive EOF in northern Xinjiang, 1997-2015 was dominated by a wet trend in northern Xinjiang but by a dry period in southern Xinjiang (Figure 5b2 ). PC2 displayed an increasing trend, that is, northern Xinjiang became wetter, and the southern part became drier, which is consistent with preliminary studies of the climatic transition from warm-dry to warm-wet in northwestern arid regions of China [17, 20, 21] . EOF3 mainly revealed the eastern and western parts of the antiphase distribution (Figure 5c1 ). This factor explained 11.4% of the total variance and represented the climate transition after 1986. The PC3 line epitomized an increasing trend, which meant that southwestern Xinjiang experienced a wet trend during 1961-2015 (Figure 5c2 ).
The aforementioned analysis shows that 1997-2015 was the driest period over the past 55 years. To capture more accurate information, EOF was used to determine the spatial and temporal modes for 1997-2015. EOF1 accounted for 34.6% of the total variance and denoted drought in the Tianshan Mountains ( Figure A2a1 ). PC1 showed wet/dry fluctuations ( Figure A2b1) . The second pattern (16.9% of the total variance) mainly indicated the antiphase distribution corresponding to northwestern Xinjiang and the Tianshan Mountains ( Figure A2a2 ). PC2 displayed a decreasing trend, showing northwestern Xinjiang has become wetter ( Figure A2b2 ). EOF3 ( Figure A2c1 ) explained 12.5% of the total variance and revealed the wet/dry antiphase fluctuation between southern and northern Xinjiang. Figure A3 ). It was reported that this drought caused the loss of 1.22 million hectares of crops and 28 million hectares of grasslands, resulted in one billion yuan in direct economic losses, and caused the Tarim River, China's longest inland river, to run dry over more than 1100 km [40, 41] . The means of magnitude, intensity, and percentage of stations affected for different drought durations were used to understand the variation in drought severity with duration. Figure 6 plots the relationships of drought magnitude, intensity, and percentage of stations affected with duration. Drought magnitude followed an exponential curve with duration, as illustrated by the exponential functions associated with the M-D curves and with a coefficient of determination (R 2 ) of 0.98. This means that drought magnitude increased exponentially with duration. Intensity displayed a linear relationship with duration, with a coefficient of determination of 0.58. This implies that drought intensity may increase with duration. A log function was used to determine the A-D relationship, with R 2 = 0.92. This implies that the drought-affected area decreases logarithmically with duration. These relationships would also be useful for drought frequency analysis and drought impact assessment. 
Major Drought Events Identified over the Past 55 Years
Correlations and Possible Link between Large-Scale Patterns and Drought Events
Two major internal variability patterns at multidecadal time scales include AMO and PDO [42] [43] [44] . An obvious inverse relationship was found between AMO and SPEI, with AMO+ (AMO−) corresponding to a dry (normal) period in Xinjiang, particularly after 1997 (Figure 7) . Pearson correlation analysis revealed that the monthly (annual) SPEI drought index had a robust and significant correlation with AMO from 1961 to 2015, with a correlation coefficient of −0.23 (−0.32, p < 0.05). The evolution of the phase transition in the 60-year AMO oscillation, which occurred about 1996/97, accords well with the timing of SPEI.
The correlations from 1997 to 2015 were positive and higher than 1961-1996, with correlation coefficients of 0.25 and 0.44 for monthly and annual SPEI drought, respectively. The correlation coefficient between PC1 and AMO for 1961-2015 (1997-2015) was −0.35 (0.45), which was consistent with the original SPEI series ( Figure A4a ). PC2 and AMO had a statistically significant positive relationship for 1961-2015, but the phase of AMO was quite different from that of SPEI for 1997 to 2015 ( Figure A4b) . Huang et al. [32] argued that excessive precipitation in arid central Asia (ACA, 
The correlations from 1997 to 2015 were positive and higher than 1961-1996, with correlation coefficients of 0.25 and 0.44 for monthly and annual SPEI drought, respectively. The correlation coefficient between PC1 and AMO for 1961-2015 (1997-2015) was −0.35 (0.45), which was consistent with the original SPEI series ( Figure A4a ). PC2 and AMO had a statistically significant positive relationship for 1961-2015, but the phase of AMO was quite different from that of SPEI for 1997 to 2015 ( Figure A4b) . Huang et al. [32] argued that excessive precipitation in arid central Asia (ACA, including Xinjiang) is linked to negative phases of the "Silk Road pattern", which is a part of the circumglobal teleconnection (CGT) pattern [45] . The North Atlantic plays an important role in generating the CGT [46] , and AMO is the multidecadal fluctuation pattern of variations in North Atlantic SST [34] . Hence, an anomalous AMO may play an important role in ACA summer precipitation patterns on a decadal time scale [32] . including Xinjiang) is linked to negative phases of the "Silk Road pattern", which is a part of the circumglobal teleconnection (CGT) pattern [45] . The North Atlantic plays an important role in generating the CGT [46] , and AMO is the multidecadal fluctuation pattern of variations in North Atlantic SST [34] . Hence, an anomalous AMO may play an important role in ACA summer precipitation patterns on a decadal time scale [32] . An inverse relationship is obvious between ENSO and dry/wet conditions during 1997-2015 in Xinjiang, which also reveals that the EOF2 mode interacts with ENSO ( Figure A4b) . The results indicate that drought in northern Xinjiang is closely related with ENSO events. The relationship between the SST anomaly (for Niño3.4) and SPEI for northern Xinjiang was not strong before 1997, but it then became undeniable ( Figure A5 ). Indications are clear that the drought epochs were caused by the negative SST anomaly associated with Niño3.4 during 1997-2015 and had delayed effects. Cross-correlation analysis was used to estimate the lag time between the onsets of the two events (ENSO and drought). Figure 8 shows the cross-correlation between SPEI for northern Xinjiang and the SST anomaly for Niño3.4 at different lag times. The results indicated that the lag time was 12 months, that is, the drought in northern Xinjiang lagged the Niño3.4 SST anomaly by 12 months. Note that most of the well-known drought events in northern Xinjiang that have also been precisely indicated by SPEI (such as 1965, 1977, 1982, 1991, 1997 , and 2015) occurred with El Niño events (Table 6 ). However, drought epochs corresponding to the negative SST anomaly (Figure 8 ) and severe drought occurrences following La Niña events occurred only in 1975, 2008, and 2011 (Table 6 ). These previous analyses indicate that not all ENSO events are responsible for drought events in northern Xinjiang, which means that these droughts apparently cannot be explained solely by ENSO events, and other drivers remain to be discovered. An inverse relationship is obvious between ENSO and dry/wet conditions during 1997-2015 in Xinjiang, which also reveals that the EOF2 mode interacts with ENSO ( Figure A4b) . The results indicate that drought in northern Xinjiang is closely related with ENSO events. The relationship between the SST anomaly (for Niño3.4) and SPEI for northern Xinjiang was not strong before 1997, but it then became undeniable ( Figure A5 ). Indications are clear that the drought epochs were caused by the negative SST anomaly associated with Niño3.4 during 1997-2015 and had delayed effects. Cross-correlation analysis was used to estimate the lag time between the onsets of the two events (ENSO and drought). Figure 8 shows the cross-correlation between SPEI for northern Xinjiang and the SST anomaly for Niño3.4 at different lag times. The results indicated that the lag time was 12 months, that is, the drought in northern Xinjiang lagged the Niño3.4 SST anomaly by 12 months. Note that most of the well-known drought events in northern Xinjiang that have also been precisely indicated by SPEI (such as 1965, 1977, 1982, 1991, 1997 , and 2015) occurred with El Niño events (Table  6 ). However, drought epochs corresponding to the negative SST anomaly (Figure 8 ) and severe drought occurrences following La Niña events occurred only in 1975, 2008, and 2011 (Table 6 ). These previous analyses indicate that not all ENSO events are responsible for drought events in northern Xinjiang, which means that these droughts apparently cannot be explained solely by ENSO events, and other drivers remain to be discovered. 
Discussion
Several authors-Zhang et al. [27] , Tao et al. [11] , and Li et al. [26, 29] -have reported a trend toward drought alleviation in Xinjiang based on precipitation-based drought indices from 1961 to 2009 (2012) . These suggestions were correlated with an increase in precipitation during the same period [20, 47] . However, it should be noted that precipitation, even without the continuously increasing trends in the 1990s, exhibited a slight decreasing trend in the 21st century. In addition, the temperature rise accelerated sharply in 1997, and since then, temperature has remained high. Undoubtedly, precipitation is the most critical meteorological variable affecting drought, but the effect of rising temperature on increased drought severity is not negligible [9] . Vicente-Serrano et al. [9] reported that increased drought severity in southern Europe was a consequence of temperature rise. Sun and Ma [48] also suggested that increasing drought over the Loess Plateau in China is occurring because of the combined effects of a significant increase in average temperature and an insignificant decrease in precipitation.
This paper suggests an obvious decreasing trend of annual SPEI in Xinjiang for 1961-2015. Furthermore, aggravated droughts occurred frequently after 1997, and the frequency of drought increased manyfold after the change, along with a temperature rise (1.1 • C) in Xinjiang [49] . This result is coherent with significant decreases in vegetation NDVI and soil moisture loss in Xinjiang after 1997 [19] . Li et al. [26] also found a drying trend over central Asia during the past decade (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) .
Spatially, the increase in droughts occurred primarily in the southern and eastern parts of Xinjiang, where moderate and extreme drought occurrences have become more frequent during the last two decades. Conversely, northwestern Xinjiang and the Pamir Plateau revealed wetting trends. The EOF mode for annual SPEI exhibited coherent drought conditions from 1961 to 2015. The drought pattern showed a coherent distribution as well as spatial differences, which can be divided into a north-south antiphase distribution and an east-west antiphase distribution. Northern Xinjiang has become wetter, and southern Xinjiang has become drier, which is consistent with preliminary results for climatic transition in northwestern China [17, 20, 21] .
Large-scale ocean-atmospheric circulation patterns can establish favorable conditions for drought, which can be induced by SST anomalies. In this study, the relationship between drought variability and SST anomalies shows that annual SPEI is closely related with AMO and ENSO events. AMO+ (AMO−) corresponded to a dry (normal) period in Xinjiang, particularly after 1997. McCabe et al. [50] also found that AMO+ (AMO−) was related to increased drought in the north-central and southwestern United States and decreased drought across Florida.
ENSO is the common cause of global precipitation variability and has a large effect on episodic drought [35] . During a warm phase (El Niño), major droughts occurred over Australia, Indonesia, Southeast Asia, parts of Africa, and northeastern Brazil [51] . Benitez and Domecq [52] suggested a strong coincidence between drought occurrence and La Niña events in Paraguay. Barlow et al. [53] also suggested ENSO as a major source of summer droughts in the United States. Mo et al. [54] confirmed that cold ENSO events favor drought over the United States. In this study, the drought EOF2 pattern interacted with ENSO, which can be taken to indicate that drought epochs in northern Xinjiang occurred because of the positive SST anomaly of Niño3.4 (El Niño conditions) during 1997-2015 with delayed effects. However, not all El Niño and La Niña events are responsible for drought events in northern Xinjiang, and other drivers remain to be discovered. Unfortunately, fewer droughts occurred globally under La Niña conditions [51] .
However, this study has certain limitations. SPEI is coupled with climatic water supply (P) and demand (PET), which makes SPEI sensitive to changes in PET. The PET calculated by the Thornthwaite model can exaggerate drought severity because it overestimates the impact of temperature rise. In addition, the role of natural variability, especially ENSO, was found to correspond to wetter conditions instead of drought. This study neglected the possible detailed AMO and ENSO mechanisms linking drought variability with large-scale patterns. Mo et al. [54] confirmed that AMO modulates and amplifies the impact of ENSO on drought over the United States. Therefore, further studies are needed to combine the impacts of large-scale atmospheric circulation on drought variability in Xinjiang, China.
Conclusions
This study used the SPEI drought indices to assess the spatiotemporal patterns of drought in Xinjiang (northwestern China) from 1961 to 2015. The results are as follows:
(1) For the entire Xinjiang region, droughts tended to be aggravated, with a significant change point in 1997, after which the frequency of drought increased sharply. Spatially, the increase in drought occurred largely in southern and eastern Xinjiang, where occurrences of moderate and extreme drought have become more frequent during the last two decades, whereas northwestern Xinjiang and the Pamir Plateau showed wetting trends.
(2) EOF was used to detect the spatiotemporal patterns of SPEI in Xinjiang, China. Drought patterns in Xinjiang showed a north-south antiphase and an east-west antiphase distribution. These distributions are mainly affected by topography and atmospheric circulation, reflecting the different climate conditions in the northern and southern parts of Xinjiang.
(3) The relationship between drought variability and SST anomalies showed that the annual SPEI over Xinjiang was closely related to AMO and ENSO events. The positive (negative) phase of the AMO was related to increased (decreased) drought in Xinjiang, particularly after 1997. During a warm phase (El Niño), major droughts occurred over northern Xinjiang, but they lagged by 12 months. However, not all ENSO events were responsible for drought events in northern Xinjiang during this period, and other drivers remain to be identified. 
